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NASA’s Soil Moisture Active Passive (SMAP) and European Space Agency’s (ESA) Soil Mois-
ture Ocean Salinity (SMOS) are two microwave remote sensing satellites. They were originally
designed to measure soil moisture, but with an algorithm that already retrieves vegetation optical
depth (VOD), they could also be used for vegetation measurements. VOD is the degree to which
vegetation attenuates microwave radiation from the soil and may be an important product to quan-
tify vegetation changes. SMAP and SMOS have some advantages to measure vegetation compared
to existing practices. They can view the entire crop canopy as opposed to just the top layer, due
to their ability to monitor soil moisture which is below the crop canopy. SMAP and SMOS also
have on average a daily revisit time in the mid–latitudes. Knowing the location and amount of
water in a crop canopy could be beneficial for remote sensing because as the crops grow and water
becomes allocated differently, SMAP and SMOS are ”seeing” water from many different sources
(stems, leaves, ears, soil, etc.). These different sources of water will scatter radiation differently due
to their varying sizes and shapes and accounting for water correctly could improve measurements
of soil moisture and VOD. A challenge of using SMAP and SMOS is the need to know crop water
on the ground for comparison to VOD from the satellites.
Data from multiple field experiments were collected and analyzed to show where crop water is
in different crop components at varying development stages. New empirical models that relate crop
water to crop dry mass were also created with these in situ measurements. We will use this model
to hopefully overcome the challenge of comparing satellite VOD to crop water. However, we need
to verify that the model is accurate and actually telling us about crop water.
To check accuracy of our new empirical model, SMAP and SMOS VOD were compared to crop
water estimates from the Agricultural Integrated BIosphere Simulator (Agro-IBIS) at the South
Fork SMAP Core Validation Site in Iowa. A crop model was used because it can obtain dry mass
xii
for multiple fields in the study area. This dry mass can then be converted to a crop water using our
empirical model for comparison to SMAP and SMOS VOD. We find that SMAP and SMOS VOD
are directly proportional to crop water. We also found the value of the proportionality constant (or
“b-parameter”) relating VOD to crop water at the satellite scale is about half as large as previous
estimates.
After finding that SMAP and SMOS VOD are directly proportional to crop water we wanted
to validate SMAP and SMOS VOD with in situ data from the field campaign SMAP Validation
Experiment 2016. We found that SMAPv2 VOD had the highest R
2 value. The b–parameter was
also shown to change over time and that other sources of water in the SMAP and SMOS pixel may
need to be taken into account when calculating a b–parameter. Because L-band VOD is directly
proportional to crop water at the satellite scale, and because we understand the relationship between
crop water and crop dry mass, SMAP and SMOS have the potential to evaluate the large-scale
performance of crop models in the Corn Belt on a near daily basis.
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CHAPTER 1. INTRODUCTION
Plants outweigh all other life on Earth (Pennisi, 2018). Bar-On et al. (2018) found that the
overall biomass on Earth is ≈ 550 Gt C for all kingdoms of life. Of that total amount, plants make
up 450 Gt C–or 80 %–of the total biomass compared to the biomass of humans, which is 0.06 Gt
C. Due to the amount of plant biomass on Earth it is important to understand and study how
they affect humans. Some areas where plants have a large impact are agriculture and weather and
climate.
1.1 Agriculture
Agriculture is clearly an area where plants have a large influence on human life. Without
agriculture our human race would not have food to eat, in way of vegetable and crops, but also
meat and dairy, as those come from animals that eat crops. According to the Food and Agricultural
Organization of the United Nations (FAO) the world population by 2050 will reach 9.1 billion people.
With this in mind, it is important to study plants for agricultural purposes.
One way to study plants is to use remote sensing. This is becoming increasingly popular for
use in agricultural regions of the world (Chaparro et al., 2018). Remote sensing offers the ability
to monitor soil and crops on a large scale with consistent, frequent, and global observations. In the
past, measurements of crop data needed to be taken in the field, which typically requires thorough
planning, the weather’s cooperation, and long days of manual labor to collect and process field
data. In addition, this technique utilizes numerous in–situ sensors that need constant supervision
to ensure accuracy of measurements, whereas you may only need one remote sensing instrument
to measure the same area. Remote sensing offers the ability to get multiple measurements during
the growing season without the need to be in the actual field. This can help monitor crop progress
and if there is any crop stress. A challenge of using remote sensing is the pixel or area that data
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is being retrieved from. Often times these pixels are large and can not give field specific data.
Sometimes the area may have multiple types of land (crop, river, urban, etc.) that need to be
accounted for. Also, the data being retrieved from these remote sensing instruments needs to be
validated to ensure proper data retrieval.
Over time, many different vegetation indices that can be measured using remote sensing satel-
lites have been developed to better understand plants. Satellite vegetation indices such as the
normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) can be used
to observe crop greenness and identify crop types, developmental stage, and health (Cai et al.,
2018; Camps et al., 2016). However, the relationship between crop greenness and indicators of
crop productivity is mostly qualitative. Leaf area index (LAI), another vegetation index that is
commonly used, can be validated using ground measurements. But LAI also has its drawbacks.
Bagley et al. (2017) found that winter wheat LAI saturates around 2.0 m2 m−2, when the actual
LAI of winter wheat is higher. All of these satellite vegetation indices are created using visible and
near–infrared radiation, which can become saturated when the crop canopy closes due to the fact
they are only sensitive to the top layer of vegetation (Huete et al., 2002). Instead of using measures
of crop greenness the ability to measure water in vegetation may be more beneficial for agriculture.
Besides issues associated with connecting satellite indices to measurable geophysical quantities,
and non–responsiveness to key crop development events, there are also limitations in the temporal
frequency of measurements. The normalized difference water index (NDWI) has been shown to
be correlated with the water amount in crops (Jackson et al., 2004). However, Landsat, a current
satellite with NDWI as a product, has a return time of 16–days. This return time is lengthened by
the fact that Landsat and all other vegetation indices are also affected by cloud cover (Wardlow
et al., 2007). If observations are only available every 16–days at best, crucial developmental stages
will be missed in rapidly growing crops.
One potential way to measure water in crops is to adapt current remote sensing satellite prod-
ucts that already measure soil moisture to also measure water mass in vegetation. Vegetation is
considered “noise” to these instruments, but this noise can be a useful measurement for the agri-
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cultural community. With the growing population, food security will become increasingly more
important. Remote sensing has the potential to play a valuable role on crop productivity infor-
mation (Atzberger, 2013; Guan et al., 2017), with the ability to monitor crops on a large scale.
Measuring the water mass in crops using remote sensing also enhances crop modeling. Satellites
can take frequent measurements in many locations, which crop modelers could take advantage of.
Overall, being able to accurately measure vegetation will help the agricultural community in ways
from food security to improving crop models.
1.2 Weather and climate
Weather impacts everyday life: air traffic controllers monitor it to assist pilots when flying, the
National Weather Service forecasts it to keep people safe during severe weather events, and the
average person can check the high temperature for the day. In conjunction, climate is important
for understanding how weather will change in the future, as this will impact many areas such
as agriculture, energy consumption, and real estate. Current operational weather models do not
accurately represent vegetation changing over time, which in some areas such as forests is plausible.
However, in the US Corn Belt where corn (Zea mays L.) and soybean (Glycine max (L.) Merr.)
are the two most prominent types of vegetation, this assumption does not hold. This change in
biomass is important because crops affect land–atmosphere interactions, the movement of water,
energy, and mass between the land surface and atmosphere (Anderson et al., 2012; Case et al.,
2013; Williams et al., 2016). When crops are transpiring they increase water flux as compared to
simply soil evaporation. Crops also affect radiation flux through the surface albedo, and sensible
heat flux via the modification of surface aerodynamic roughness. However, current weather and
climate models do not accurately represent this coupling of land and atmosphere, especially for
different land covers and agricultural management (Xue et al., 1996; Williams et al., 2016; Bagley
et al., 2017). This causes performance issues with the models which can lead to inaccurate forecasts,
ultimately having a negative influence on the uses of weather aforementioned. A way to improve
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weather and climate models is to study these land–atmosphere interactions, especially the plants
on land that assist the movement of water and energy.
Like agriculture, measurements of water in vegetation as opposed to crop greenness would be
more beneficial for weather and climate models. This is because measuring the water mass inside
of the crops can give an idea of when crops begin and end the process of transpiration. While
measuring water mass is not the same as transpiration weather and climate models could use this
to “turn on” (when crops begin to accumulate water mass) and “turn off” (when crop water starts
declining) transpiration in crop heavy regions on the seasonal scale. This information could be used
instead of climatology or a constant value for transpiration. Especially in areas with row crops,
as the crops are not planted on the exact same date each year and being able to monitor when
the crops have a measurable water mass can help identify when transpiration would be occurring.
This in turn would help improve weather and climate forecasts for the future ultimately bettering
humans everyday lives.
1.3 Microwave radiometry
Microwave remote sensing is the measurement of microwave radiation that is emitted or scat-
tered by a target to learn about the target’s properties. Radiometry is passive microwave remote
sensing or the measurement of radiation naturally emitted by the target, as opposed to radar, which
is active remote sensing. The major reason that microwave radiometry can be used to measure
vegetation is the unique way it interacts with water, giving us the ability to measure the water
inside of the crop. At microwave wavelengths liquid water has distinct electrical properties making
it ideal to use when measuring soil moisture and water in vegetation. Water has a high dielectric
constant which is the ratio of permittivity of a substance to the permittivity of free space. Per-
mittivity is how much the molecules oppose the external electric field. This makes water good at
absorbing radiation at microwave frequencies.
Some advantages of using microwave radiometry are:
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• It’s ability to measure the entire crop canopy instead of just the top portion. We know this
is true because current satellites are used to measure soil moisture which is below the crop
canopy.
• It is not impacted by cloud cover, which means that data is not missed when there is a cloudy
day and corrections for clouds do not need to be implemented.
A disadvantage is:
• It has poor satellite resolution. Microwave radiometers have resolutions of 10 – 100 km, while
infrared and optical radiometers have resolutions from 10 m – 1 km.
NASA’s Soil Moisture Active Passive (SMAP) and European Space Agency’s (ESA) Soil Mois-
ture Ocean Salinity (SMOS) are two microwave remote sensing satellites with L–band radiometers,
or instruments that measure energy emitted by objects in the 1–2 GHz frequencies of the radio
spectrum, and are shown in Figs. 1.1 and 1.2 (Entekhabi et al., 2010; Kerr et al., 2010). To account
for the effect vegetation has on L–band brightness temperature, these satellites both use the τ– ω
model (Wigneron et al., 2007).
Figure 1.1: Microwave remote sensing satellite SMAP.
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Figure 1.2: Microwave remote sensing satellite SMOS.
The brightness temperature that SMAP and SMOS measure is a sum of three different sources
of radiation. Where Tsoil is the effective temperature of soil, Rsoil is the reflectivity of soil, τ is
the vegetation optical depth, θ is the incidence angle, ω is the scattering in vegetation canopy, and
Tveg is the temperature of vegetation.
TB = Tsoil (1−Rsoil) e−τ/cosθ
+ (1− ω) Tveg (1− e−τ/cosθ)
+ (1− ω) Tveg (1− e−τ/cosθ) Rsoil e−τ/cosθ
(1.1)
Fig. 1.3 shows these three different sources of radiation from (1.1): Tb1, the first term, is
radiation the soil is emitting which is being attenuated by the vegetation, Tb2, the second term, is
radiation the vegetation is emitting, and Tb3, the third term, is emission from vegetation initially
directed toward the soil which is scattered and attenuated back through vegetation.
The τ variable is synonymous with vegetation optical depth (VOD), the degree to which veg-
etation attenuates microwave radiation. Vegetation attenuates radiation in two different ways:
scattering and absorption. To better understand how the brightness temperature changes with
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Figure 1.3: Tb1 is radiation the soil is emitting which is being attenuated by the vegetation, Tb2
is radiation that the vegetation is emitting, and Tb3 is emission from vegetation initially directed
toward the soil which is scattered and attenuated back through vegetation.
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changing τ we will look at the second term Tb2 in (1.1). As τ approaches 0 the exponential part
of the equation becomes 1 and the brightness temperature is 0. As τ approaches infinity the ex-
ponential part of the equation becomes 0 and the brightness temperature is equal to vegetation
temperature. The calculation of VOD (units Np) is shown in (1.2), where κe is the extinction
coefficient, the fraction of radiation that is absorbed from the original path and the fraction of
radiation that is scattered out of the original path in a new direction (m−1). The integral is from





VOD has been shown to be directly related to the mass of liquid water per ground area of
vegetation (Jackson and Schmugge, 1991) therefore allowing the equation for VOD to be rewritten
in (1.3). Here b is the b–parameter which depends on the type of vegetation and Mw is the water
column density or the mass of water contained in vegetation tissue to ground area (kg m−2). We
use this equation because of crop water and the previously mentioned high dielectric constant that
water has. This high dielectric constant of water is much larger than the dielectric constant of air,
which is why we are only looking at crop water and not crop dry mass. The dry mass of crops is
basically invisible to the satellites as it has a similar dielectric constant to air. The combined fresh
biomass of corn and soybean can change from 0 to 6 kg m−2 over the growing season (Patton and
Hornbuckle, 2013). This increase of Mw impacts VOD.
VOD = bMw (1.3)
Both satellites have different ways to retrieve soil moisture and VOD. SMOS measures brightness
temperature at many incidence angles (between 10◦ to 60◦) and at two polarizations and is able
to use these multiple angles to simultaneously retrieve both soil moisture and VOD. SMAP only
measures brightness temperature at one incidence angle (40◦) but at two polarizations which is
used to obtain both soil moisture and VOD. Hornbuckle and England (2004) found that the L–band
brightness temperature is sensitive to changes in soil moisture even through corn at its maximum
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biomass. Therefore, L–band VOD should be able to view the entire crop canopy over the growing
season without becoming saturated at canopy closure.
1.4 Purpose of Dissertation
With the importance that plants play in many aspects of human life there is a need to improve
the measurement of them. The proposed way to measure plants in this dissertation involves the
utilization of remote sensing, specifically microwave radiometry using SMAP and SMOS. This re-
mote sensing technique will be combined with crop models to better explore its use in measuring
vegetation as well as soil moisture. Two crop models will be used in this dissertation: the Agri-
cultural Production Systems sIMulator (APSIM; www.apsim.info) and the Agricultural Integrated
BIosphere Simulator (Agro-IBIS), (Kucharik, 2003). This dissertation will have three different
science chapters with an overall introduction and conclusion chapter.
1.5 Chapter 2
There is currently no method to compare measurements from satellites and crop models due
to the fact that SMAP and SMOS are sensitive to crop water, the total amount of liquid water
in a crop canopy contained within crop tissue, and crop models give biomass in dry mass, the dry
matter of a crop when completely dried. Crop models are necessary to use because they provide
data for multiple fields within our study area with relative ease. SMAP and SMOS were originally
designed to measure soil moisture, but with an algorithm that already retrieves VOD, they can also
be used for vegetation measurements. Knowing the location and amount of water in a crop canopy
could be beneficial for remote sensing, because as the crops grow and water becomes allocated
differently, SMAP and SMOS are “seeing” water from many different sources (stems, leaves, ears,
soil, etc.) and accounting for where water is correctly could improve measurements of soil moisture
and VOD.
Many studies have utilized the relative water content method to measure water amount in plants,
especially among groups interested in physiological and breeding research (PlantStress, 2015). As
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explained by González and González-Vilar (2001), and shown in (1.4), the relative water content
(RWC) is the water content in percent at a given time related to water content at saturation.
RWC =
fresh mass− dry mass
saturated mass− dry mass
× 100 (1.4)
Rao et al. (2019) used passive microwave remote sensing estimates of RWC to model mortality
rates in forested areas of California, USA. They used the global Land Parameter Data Record
(LPDR). Instead of measuring actual plants on the ground Rao et al. (2019) used VOD to calculate
an RWC value, using median, 5th, and 95th percentile measurements of VOD. This can be done
because VWC depends on both the above–ground biomass and RWC of trees (Rao et al., 2019).
They found that VOD–derived RWC is a better indicator of tree mortality than a more commonly
used measure of climatic water deficit.
In Chapter 2 we will discuss the creation of an empirical model to determine how dry mass
and water mass are related, if at all, which is one way to make these two different methods for
viewing vegetation work together. This empirical model will be a function of thermal time (tt), the
time a crop accumulates above a base temperature, and will be compared for both soybean and
corn measurements from multiple years, including whole plant measurements and different canopy
components (stem, leaves, reproductive organs).
1.5.1 Thermal time
Thermal time can be used to track crop development and estimate when a crop is in a certain
stage. Crop development is directly proportional to temperature above the base temperature, below
which development will no longer occur. It is normally expressed in terms of growing degree days







where Tmax and Tmin are the maximum and minimum temperature for a day and Tbase is the
base temperature. We used Tbase = 10
◦C (Abendroth et al., 2011). To visualize how thermal time
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and stage are related, Figs. 1.4 and 1.5 show corn and soybean respectively for stage and thermal
time (Eroglu et al., 2019; Growers, 2020).
Figure 1.4: Corn growth stages and thermal time.
Figure 1.5: Soybean growth stages and thermal time.
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1.6 Chapter 3
Many ground–based experiments have determined that for a homogeneous canopy VOD is
directly related to the mass of liquid water per ground area (Jackson and Schmugge, 1991). Konings
and Gentine (2017) used satellite measurements of VOD to find a strong relationship between
ecosystem isohydricity (regulation of leaf water potential) and canopy height. Tian et al. (2018)
provided evidence that VOD can be used to monitor large–scale changes in plant water storage.
Momen et al. (2017) found that VOD is affected by both leaf water potential and LAI.
Other studies have demonstrated how VOD can be interpreted to make measurements of
biomass. Jones et al. (2014) used the Advanced Microwave Scanning Radiometer (AMSR–E) VOD
to monitor canopy water content in the Amazon ecoregions. Zhou et al. (2014) used AMSR–E VOD
to observe widespread decline in rainforest greenness in the Congo, finding that VOD is sensitive
to changes in woody vegetation and long–term variations in precipitation. A limitation of using
AMSR–E VOD is that X and C–band are relatively high microwave frequencies. VOD at lower
frequencies such as L–band should be sensitive to more of the water in the vegetation canopy.
For example, Hornbuckle and England (2004) found that the L–band brightness temperature is
sensitive to changes in soil moisture even through corn at its maximum biomass.
SMOS VOD has been compared to MODIS vegetation indices in multiple studies. Lawrence
et al. (2014) found a weak correlation between SMOS Level 2 VOD and four MODIS vegetation
indices, while Grant et al. (2016) compared SMOS Level 3 VOD to MODIS vegetation indices
and found that NDVI gives the highest correlation for both sensors. Rodŕıguez-Fernández et al.
(2018) found that L–band VOD is consistent with above ground biomass in forests. Konings et al.
(2017) compared the VOD values of SMAP and SMOS showing that their retrieval values are
compatible. Chaparro et al. (2018) also found that the relationship between VOD variables and
yield has moderate to high correlation. The ability to use SMAP and SMOS to monitor crop water,
crop yield, and soil moisture all from one satellite could be helpful, instead of needing to get all of
this information from multiple sources.
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Three studies in the US Corn Belt, a large and economically–important agricultural region in
the central United States, related L–band VOD to crop productivity and development. Patton
and Hornbuckle (2013) found that USDA estimates of crop yield were directly proportional to
SMOS VOD. Hornbuckle et al. (2016) found that the peak in SMOS VOD occurs at a certain corn
reproductive stage. Chaparro et al. (2018) found that SMAP peak VOD occurs after corn/soy
flowering and before the maturity stages. Given these findings, and since SMAP and SMOS pass
over the central US about once a day and are not affected by clouds, L–band radiometry could be
an important tool for monitoring crops in the Corn Belt. A disadvantage of SMAP and SMOS is
their large pixel size of about 30–40 km. However, once the relationship between L–band VOD
and crops is better understood there may be ways to improve the spatial resolution using satellite
vegetation indices (Peng et al., 2017). This makes the use of L–band a potential better measure
of the entire crop canopy over the growing season. SMAP and SMOS could be an important tool
for monitoring crops and improving weather and climate models, especially in large agricultural
regions such as the US Corn Belt.
In Chapter 3 we will convert dry mass predicted from Agro–IBIS, using our new empirical
model from Chapter 2, to a water mass and compare these results to SMAP and SMOS VOD. We
expect to show that crop water estimates from Agro–IBIS scaled up to the footprint of SMAP and
SMOS are directly proportional to L–band VOD, demonstrating that SMAP and SMOS have the
potential to evaluate the large–scale performance of crop models in the US Corn Belt.
1.7 Chapter 4
Validation is an important part of research because it helps us determine the accuracy of what
we want to measure. In this case we want to use SMAP and SMOS VOD to measure crop water in
vegetation. So, SMAP and SMOS VOD must be validated. This has currently not been attempted
by anyone previously, due to validation data not being available. SMAP and SMOS have large
footprints, 30–40 km, and validating an entire pixel takes planning and multiple field measurements.
In 2016 data was collected from multiple fields in the South Fork to provide a reference data set for
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peak corn and soybean water content, called SMAP Validation Experiment 2016 (SMAPVEX16)
(Cosh et al., 2019).
There were two intensive observation periods (IOP) for SMAPVEX16. During the first sampling
(IOP1) in late May/early June plants were small and weren’t sampled, noted as 0.0 kg of water per
square meter. In the second sampling (IOP2) during the first half of August, both corn and soybean
were measured for multiple characteristics including: height, leaf count, stem diameter, fresh and
dry mass (Cosh et al., 2019). This second sampling period was chosen to obtain measurements
at peak biomass, which has not been previously done. While there are limited measurements for
comparison to SMAP and SMOS VOD, this is the first data set for comparison and a few samples
are better than no samples.
Cosh et al. (2019) was also able to take these in situ measurements and compare them to
overpass swaths from Landsat 8 using normalized difference water index (NDWI). NDWI has been
shown to be correlated with the water amount in crops (Jackson et al., 2004) and more appropriate
for comparison to crop water than using normalized difference vegetation index (NDVI). NDWI is
defined by the difference between RNIR, the surface reflectance for the near–infrared bands (0.75–
1.4 µm wavelength), and RSWIR for shortwave–infrared band (1.4–3 µm wavelength) divided by the





NDVI is similar, instead of shortwave–infrared, reflectance in the red visible band (625–740 nm
wavelength) is used. The shortwave–infrared band is directly sensitive to water content in leaves
as opposed to the visible band which depends on crop greenness, making NDWI a better index for
crop water (Jackson et al., 2004).
With the collection of crop water on the ground Cosh et al. (2019) was able to take NDWI
values along with the raw data points of crop water and produce daily 30 meter crop water maps
for the South Fork. In Chapter 4 we will use these daily calculated measurements of crop water to
validate SMAP and SMOS during a majority of the growing season for 2016.
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1.8 Hypothesis
Overall, we hypothesize that these soil moisture monitoring satellites can be used to measure
crop water in vegetation. With both SMAP and SMOS the actual water mass of the crops is being
measured. This water mass can improve the land–atmosphere relationship in weather and climate
models, leading to more accurate weather predictions. Measuring water mass in crops can also
benefit the agricultural community by helping to improve crop models with multiple data points
and the ability to monitor yield. With all of this science in mind, it brings us back to the basics of
the importance of plants and how they impact our everyday lives.
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CHAPTER 2. NEW VEGETATION GRAVIMETRIC WATER CONTENT
MODELS ENABLE QUANTIFICATION OF WATER STORED IN A CROP
CANOPY
2.1 Introduction
The development of an empirical model relating water mass to dry mass will be described in this
chapter. This model is similar to the method for measuring Live Fuel Moisture Content (LFMC),
which is the water content of live foliage relative to its dry mass (Yebra et al., 2019). LFMS is
calculated as a percentage of water mass with respect to dry mass, where our method does not turn
the data into a percent. Yebra et al. (2019) discuss the global effort to measure LFMC and describe
1,383 different sampling locations. Currently this data set has mostly tree cover, shrubland, and
grassland samples. There are a few cropland data points, but they are not located within the US,
which is where out study is taking place.
We used data from Mead, NE, previously collected over 13 years for corn and soybean that
measured the plants water mass and dry mass. With this data we were able to quantify how much
water is in each part of the plant and develop a vegetation gravimetric water content model that
relates water mass to dry mass over thermal time. Developing a model over thermal time is also
different from the LFMC model. The vegetation gravimetric water content model was developed
for whole plants, as well as for individual parts of the plants.
Our first hypothesis is that the gravimetric water content model will be a function of thermal
time because it will change with stages of crop development. The model will be different for corn
and soybean, the two crops that dominate the US Corn Belt. Second that water mass percentages
will be similar for irrigated and rainfed systems.
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2.2 Methods
2.2.1 Vegetation gravimetric water content
Crop models estimate dry matter production, while SMAP and SMOS estimate crop water. In
order to relate crop model output to VOD we must understand how crop water, the total amount
of liquid water in a crop canopy contained within crop tissue, and dry matter are related. The ratio





Here mw is the mass of water in a sample of vegetation and md is the dry mass of the same
sample. Water mass was found by measuring the fresh mass of a sample of corn or soybean (mf )
and then drying the sample in an oven to obtain the dry mass.
mw = mf −md (2.2)
2.2.2 In situ measurements of crop water
We used four field sites to develop an empirical model of vegetation gravimetric water content:
two in Mead, NE, one in Ames, IA (42.0025,-93.6628), and one in Williams, IA (42.4840,-93.5281).
Two field sites were used in Mead, NE, (41.1791, -96.4400) to collect data on the partitioning of
water mass for corn and soybean. One of the fields is irrigated and had a corn/soybean rotation
from 2003–2008 and 2014–2016. It was continuous corn from 2009–2013. The other Mead field site
is rainfed with a corn/soybean rotation from 2003–2016. All years from 2003–2016 were used in
this study. For both Mead sites odd years were corn and even years were soybean, except for the
years of continuous corn at the irrigated field site. Plants were sampled at pre–marked locations
and separated into green leaves, dead leaves, stem, and reproductive parts. For information on
vegetation data collection at the Nebraska field sites view Law et al. (2008).
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Both corn and soybean were grown at the field sites in Ames (2016–2018) and Williams (2018).
On each sampling date 30 plants of each crop were collected and measured for fresh mass. The
plants were then dried for one week. After drying the plants were massed again to obtain a dry
mass and, by calculation, a water mass. Corn and soybean measurements were taken at each
reproductive stage in 2017 (time where grain fill is occurring) and in 2018 at all growth stages of
soybean and every–other vegetative stage and every reproductive stage of corn.
For the Mead sites we calculated thermal time using a combination of weather data from two
nearby AmeriFlux sites (Suyker, a,b) and a National Weather Service Cooperative Station (NWS
COOP). For Iowa field sites we calculated thermal time using NWS COOP data (Site 4142 Iowa
Falls and 0200 Ames).
2.2.3 Percentages of water mass by plant component
Percentage of water mass in different components of the plants were calculated from the Mead
data. There are three components that are of interest for corn and soybean plants: leaves, stem,
and reproductive parts (ears for corn and pods for soybean). We wanted to calculate the percent-
ages based on the growth stage of the crop, to better understand how the water mass for each
component varies over the life cycle of the plants. This data will be shown for three vegetative
and all reproductive stages. From Mead, years 2003-2016 (years vary between corn and soybean)
were used, there were multiple water masses collected for each stage and plant component (stages:
V1-R6 for corn, and V1-R8 for soybean). The different water masses collected over the years for
the same stage and plant component were averaged together to come up with one value of water
mass per stage and component. These water masses were then compared between the rainfed and
irrigated sites.
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A coefficient of variation (CV) was also calculated to measure the relative variability between
the data. It is calculated by the following equation, where σ is the standard deviation and µ is the





2.2.4 Estimates of crop dry mass from APSIM and Agro–IBIS
We modeled above–ground dry mass column density (the total fresh mass of vegetation per
ground area less crop water, the total amount of liquid water in a crop canopy contained within crop
tissue) using APSIM and Agro–IBIS. We are using these crop models because they are calibrated
for our study region and used by many groups. APSIM is being used because it gives dry mass for
each individual part of the plant and we can use that to compare our ground measurements of crop
water from Mead. Agro–IBIS is being used because it can estimate crop productivity, and also
account for the two–way interactions between agricultural ecosystems and the atmosphere, which
can potentially be used in weather and climate models.
The Agricultural Production Systems sIMulator (APSIM) (Keating et al., 2003; Holzworth
et al., 2014) is a combination of multiple process–based models at the field scale that runs on a daily
time step. The model requires weather data, specifically; maximum and minimum temperature,
radiation, and precipitation. This model was calibrated and validated for corn and soybean in
central Iowa, see Archontoulis et al. (2020) for model set–up specifics. For APSIM, planting date
is given to the model.
Agro–IBIS was developed from the IBIS simulator (Foley et al., 1996) and adapted for agricul-
tural processes and management (Kucharik, 2003; Kucharik and Brye, 2003). Agro–IBIS requires
hourly inputs for temperature, relative humidity, incoming solar radiation, wind speed, and pre-
cipitation. This model contains 15 plant functional types which allow for the representation of
individual crop species, like corn and soybean. Agro–IBIS uses a planting algorithm to determine
the planting date using thresholds for the 10–day average soil temperature, 10–day average mini-
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mum air temperature, and an earliest planting date. This algorithm will choose the earliest date in
which all three of these conditions are met to plant the crop. Table 2.1 shows the planting day of
year determined by Agro–IBIS using weather inputs for each year from 2015–2017, as these were
years we had satellite data for.
Table 2.1: Planting day of year determined for both corn and soybean by Agro–IBIS for the years
2015, 2016, and 2017.
2015 2016 2017
Corn 125 114 107
Soybean 125 122 129
2.3 Results
2.3.1 Water mass percentages
In Figs. 2.1 and 2.2 we found that water mass percentage for plant component and stage is similar
between irrigated and rainfed systems, which supports the first hypothesis. In these figures both
crops follow the trend of leaf water mass percentage decreasing over stages, while the reproductive
part of the plant gains water mass over the R stages (stages when ear and pods are growing).
Corn stem water mass percentages increase during the vegetative stages and then decrease during
the reproductive stages, while soybean stem water mass percentage increases until R3 and then
begins to decrease. This is what we expect to see because these stages are when the ear and pod
(reproductive part of the plant) begins to grow: the plant will allocate more water to the ear and
pod than to other components.
Tables 2.2–2.5 have the specific water mass percentages by component for each stage of irrigated
and rainfed corn and soybean. The coefficient of variation (2.3) is also shown, as well as the number
of data points that went into each stage. Tables 2.2 and 2.3 have water mass percentages for corn.
In both tables the R5 stage has the most data points as this is one of the longest stages when the
kernels in the ear begin to dry down and form a dent (Pioneer, 2019). Also towards the R5 and R6
stage the CV in leaves and stem is over 50%, this is due to the small amount of water mass that
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Figure 2.1: The water mass percentages of corn leaves (a), stem (b), and ear (c) for different stages
and a rainfed and irrigated system. Error shown in Table. 2.2 and 2.3.
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Figure 2.2: The water mass percentages of soybean leaves (a), stem (b), and pods (c) for different
stages and a rainfed and irrigated system. Error shown in Table. 2.4 and 2.5.
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is actually in those components at this stage and the large variability that could happen between
plants. While all of the plants might be in the R5 growth stage, some individual plants progress
faster than others and it is difficult to get exactly the same representation of corn plant for each
sample.
Tables 2.4 and 2.5 have water mass percentages for soybean. In these tables there is not one
clear stage that was harvested more than any others, but once again there are large values of CV for
the last stage of soybean growth for leaves and stem. This is due to the majority of measurements
of leaves in the last stages being zero, usually there are no more leaves on the plant during the R8
stage. However, there was one measurement that had a very small amount of water mass in the
leaves causing a very large CV value. The same can be said for the stems of the soybean plants at
this stage, there is usually almost no water mass left in the plant at this stage. However, there was
a measurement that had a larger value than the others. There is the possibility for human error in
data collection that could be present in staging of the plants.
2.3.2 Vegetation gravimetric water content
The vegetation gravimetric water content as a function of thermal time for corn and soybean
is shown in Figs. 2.4 and 2.5. The line of best fit for soybean is shown in (2.4) and for corn in
(2.5). Both rainfed and irrigated data were included together because that variable did not have
an impact on the vegetation gravimetric water content models.
θg(tt) = as t
2
t + bs tt + cs (2.4)
θg(tt) =

ac tt + bc for tt ≤ 405 ◦C · day
ac e
−bc tt for tt > 405
◦C · day
(2.5)
























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 2.3: Corn and soybean water and dry mass data from Mead, NE, and Ames, IA over thermal
time. The solid line is representative of the water column density that SMAP and SMOS would
see.
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Table 2.6: Parameters for line of best fit and significance for corn vegetation gravimetric water
content vs. thermal time.
Fit Variables for Corn
split ac bc
≤ 405 ◦C · day 0.006292 6.739
p–value 1.74× 10−8 9.71× 10−43
> 405 ◦C · day 18.89 0.001761
p–value 1.47× 10−81 2.25× 10−75
Table 2.7: Parameters for line of best fit and significance for soybean vegetation gravimetric water
content vs. thermal time.
Fit Variables for Soybean
as bs cs
−1.780× 10−6 0.0002803 4.794
p–value 8.58× 10−7 0.61 1.46× 10−60
The accumulation of crop water and dry mass column density for a hypothetical SMAP or
SMOS pixel is illustrated in Fig. 2.3. This figure was made using crop water and dry mass in situ
measurements from Mead and Iowa. The solid red line is what the satellite would be seeing in the
South Fork, 60% corn and 40% soybean. The water mass in corn from thermal time 0–500 ◦C ·day
increases at a slope of 0.0070 kg · m−2 · (◦C · day)−1 and dry mass increases at 0.0008 kg · m−2 ·
(◦C · day)−1. From thermal time 500–1200 ◦C · day the water mass slope is 0.0014 kg · m−2 ·
(◦C · day)−1 and dry mass is 0.0022 kg ·m−2 · (◦C · day)−1. From 1200 ◦C · day onward the water
mass slope is −0.0054 kg ·m−2 · (◦C · day)−1 and the dry mass slope is 0.0001 kg ·m−2 · (◦C · day)−1.
Thermal time 1200 ◦C · day was chosen due to the ears of the corn plant beginning to dry down at
this point. After 500 ◦C · day the slopes of dry mass increase more than water mass in corn, which
is why the θg model decreases after this thermal time.
Soybean from thermal time 0–600 ◦C·day has a water mass slope of 0.0014 kg·m−2 ·(◦C · day)−1
and dry mass slope of 0.0003 kg · m−2 · (◦C · day)−1. From 600–1200 ◦C · day the slope of water
mass is 0.0022 kg ·m−2 · (◦C · day)−1 and dry mass is 0.0010 kg ·m−2 · (◦C · day)−1. Lastly, from
1200 ◦C · day onward the water mass slope is −0.0047 kg · m−2 · (◦C · day)−1 and dry mass is
30






















































Figure 2.4: Corn vegetation gravimetric water content (θg) vs. thermal time with line of best fit.
Data from Mead, NE (2003–2016) odd years and Ames, IA (2016–2018). Three random years are
highlighted to show that our multi–year approximation does not have outliers from a specific year.
31
0.0002 kg ·m−2 · (◦C · day)−1. Unlike corn, the dry mass slope of soybean does not become greater
than the water mass until later thermal times.




















































Figure 2.5: Soybean vegetation gravimetric water content (θg) vs. thermal time with line of best
fit. Data from Mead, NE (2003–2016) even years and Ames, IA (2016–2018). Three random years
are highlighted to show that our multi–year approximation does not have outliers from a specific
year.
The vegetation gravimetric water content as a function of thermal time for corn and soybean
by part is shown in Figs. 2.6 and 2.7. The line of best fit for soybean is shown in (2.4) and for corn
in (2.5). Tables 2.8 – 2.12 list the values for coefficients by part of plant in (2.4) and (2.5), as well
as, p-values for each parameter.
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Table 2.8: Parameters for line of best fit and significance for corn vegetation gravimetric water
content for leaf and stem vs. thermal time.
Fit Variables for Corn Leaf & Stem
split ac bc
≤ 405 ◦C · day 0.005769 6.613
p–value 0.00271 4.19× 10−15
> 405 ◦C · day 18.04 0.001698
p–value 1.90× 10−29 3.36× 10−27
Table 2.9: Parameters for line of best fit and significance for corn vegetation gravimetric water
content for ear vs. thermal time.
Fit Variables for Corn Ear
split ac bc
> 405 ◦C · day 17.49 0.001668
p–value 7.09× 10−26 3.91× 10−24
Table 2.10: Parameters for line of best fit and significance for soybean vegetation gravimetric water
content for leaf vs. thermal time.
Fit Variables for Soybean Leaf
as bs cs
−1.142× 10−6 −0.0003443 4.870
p–value 0.0314 0.685 2.01× 10−27
Table 2.11: Parameters for line of best fit and significance for soybean vegetation gravimetric water
content for stem vs. thermal time.
Fit Variables for Soybean Stem
as bs cs
−1.690× 10−6 0.0003009 4.735
p–value 0.000793 0.715 4.83× 10−27
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Table 2.12: Parameters for line of best fit and significance for soybean vegetation gravimetric water
content for pods vs. thermal time.
Fit Variables for Soybean Pods
as bs cs
−3.727× 10−6 0.005023 2.143
p–value 0.0105 0.115 0.206
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Figure 2.6: Corn vegetation gravimetric water content (θg) vs. thermal time with line of best fit.
Recall stages from Fig. 1.4. Data from Mead, NE (2003–2016) odd years and Ames, IA (2016–2018).
Where leaf is (·); stem is () ; and ear is (∗).
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Figure 2.7: Soybean vegetation gravimetric water content (θg) vs. thermal time with line of best
fit. Recall stages from Fig. 1.5. Data from Mead, NE (2003–2016) even years and Ames, IA
(2016–2018). Where leaf is (·); stem is () ; and pods are (∗).
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The corn model for vegetation gravimetric water content in Figs. 2.4 and 2.6 has a peak around
thermal time 400–500 ◦C · day. This peak corresponds with vegetative growth stage V9/V10, or
when 9 to 10 fully developed leaves are on the corn plant. These are the last stages before an ear
shoot (potential ears) begins to develop on the corn plant (Pioneer, 2019). This is consistent with
md increasing more rapidly than mw around these stages because of the additional dry mass the
ear shoot is adding, resulting in the decrease of θg, shown in Fig. 2.3. Also, in Fig. 2.6 the panel
with vegetation gravimetric water content of the ear begins after this peak, enforcing that this peak
is due to the beginning potential ears. The breakpoint of 405 ◦C · day was determined so that the
exponential and linear graphs made one continuous fit line.
In Fig. 2.6 the p–value and R2 for leaf and stem vegetation gravimetric water content model
are identical, while the ear model is slightly different but still very similar. The corn vegetation
gravimetric water content model by parts is similar statistically to the corn model for whole plant.
The soybean model in Figs. 2.5 and 2.7 for vegetation gravimetric water content does not have
a peak, but there is a time earlier in the growing season where the model seems to be flat. Around
thermal time 400–600 ◦C · day is when the model begins to decrease. This corresponds to the
beginning of the reproductive stages or stage R1 when small flowers begin to appear on the plant
(Pioneer, 2019). Similar to the corn model, once the actual reproductive part of the crops begin
to develop the model tends to decrease as dry mass of the plants become larger, this is shown in
Fig. 2.7 in the panel with pods which begin around thermal time 600 ◦C · day. In this soybean
model there are some low points that have been examined and do not correspond with any specific
year or even with rainfed or irrigated data points.
In Fig. 2.7 the soybean vegetation gravimetric water content model is shown for each part of the
plant. Unlike the corn model the p–values and R2 values are not identical for each part. However,
they are similar and overall are close to the whole plant model, just like corn. A reason that the
soybean model by part is not similar like the corn model could be due to the growth of soybean.
When you look at a corn field the plants are uniform as opposed to a soybean field where some
plants have one stem, some have two stems, some are bushier, on the whole being different.
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The corn and soybean vegetation gravimetric water content models have similarities and differ-
ences. Crops at the early stages have a higher water mass compared to dry mass. One difference
between the two models is the peak in corn θg around 400–500
◦C–day. We suggest that this
difference occurs due to the growth differences of the two crops. Corn plants add leaves to the
plant until the reproductive stages occur. At that time resources are allocated to typically a single
ear on the plant. Corn loses some lower leaves over the growing season. Soybean continue to add
leaves and height after the reproductive stages have begun. Soybean begin to lose their leaves once
senescence occurs and all leaves are gone by harvest. Also, the number of pods on soybean plants
varies widely from plant to plant.
2.3.3 Testing the vegetation gravimetric water content model
To test the vegetation gravimetric water content model, dry mass data was used from both
Agro–IBIS and APSIM, two crop models. The dry mass data from these models was converted to
crop water using the vegetation gravimetric water content model that we developed. These water
mass values were then compared to collected data from Mead. Figs. 2.8 and 2.9 have crop water
by each individual part of the corn and soybean plants respectively for both collected data from
NE and simulated data for IA from APSIM. APSIM was used because it can give dry mass data by
crop component which we can convert into crop water. In Fig. 2.10 modeled data from Agro–IBIS
is shown for a combination of corn and soybean fields in IA compared to the collected data from
NE for corn and soybean. We used Agro–IBIS for this figure because in future chapters Agro–IBIS
will be used to compare crop water at a satellite pixel scale. The reason for using modeled data
from IA instead of NE is due to multiple reasons: one, we are going to be using this vegetation
gravimetric water content model in IA, even though the majority of data in the model comes from





































Figure 2.8: All years of collected data from Mead compared to 2016 APSIM output for Ames corn
for grain (a), leaf (b), and stem (c). The APSIM data was converted from dry mass to crop water





































Figure 2.9: All years of collected data from Mead compared to 2016 APSIM output for Ames
soybean for pods (a), leaf (b), and stem (c). The APSIM data was converted from dry mass to
crop water using the vegetation gravimetric water content model.
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Figure 2.10: All years of collected data from Mead compared to 2016 AgroIBIS output for a
combination of corn and soybean fields in Iowa. The AgroIBIS data was converted from dry mass
to crop water using the vegetation gravimetric water content model.
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2.4 Discussion
2.4.1 Vegetation gravimetric water content
While the gravimetric water content models are useful to relate dry mass from crop models
to crop water from satellites like SMAP and SMOS, they have some limitations. This study was
limited to the US Corn Belt where the data were collected. Another limiting factor is that these
models were developed for two specific crops that grow in our study area. For areas with different
predominant crops new models for those crops would need to be created since corn and soybean
models are not the same. Finally, hybrid type (which can determine the amount of thermal time
until maturity) may be a limiting factor for these models, as it could change the peak of the model.
In 2019 a side–by–side experiment was set up in Ames, IA, with a corn hybrid typically grown in
IA and MN. Fig. 2.11 has 5 sampling points that were collected in the IA and MN hybrids with
the same crop sampling as described previously for IA. From this figure the peak in both hybrids
occurs around 400-500 ◦C–day, which is the same as in the vegetation gravimetric corn model.
Initial results show that peak in corn gravimetric water content model may not depend on hybrid,
but with such a small sampling size more work needs to be done in this area.
2.4.2 Testing the vegetation gravimetric water content model
In Figs. 2.8 and 2.9 the stem, leaf, and grain/pod are shown for simulated data (solid lines)
and collected field data (points) for corn and soybean respectively. While the solid lines might not
match exactly with the collected data, that was expected as the collected data is multiple years
from Mead and the simulated data is just one year (2016) from Ames. The goal was to view where
the crop model was allocating the water in the corn plant over the growing season and compare
that to physical data collected in a field. It is important that the crop models are allocating the
water correctly for use in comparing modeled data to satellite data for validation purposes. For
categories; leaf, stem, and pod the simulated values follow the same trend and reach a similar peak
as the collected data. However, for corn grain in Fig. 2.8 the simulated data follows the same trend
but the peak is well below that of the collected data. We thought this was due to APSIM simulating
41
Figure 2.11: Vegetation gravimetric water content over thermal time for an IA and MN corn hybrid
in 2019.
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only grain amount for the corn plant and the water mass from the cob is put into stem, while the
measured value from the field is the entire ear (grain and cob). Using raw data from Archontoulis
et al. (2020) the cob to grain ratio is around 10%. We added water mass that we calculated for the
cob to APSIM grain crop water and it did not increase the overall crop water enough to match the
raw data from NE. The ratio of cob to grain was calculated with raw data from only the end of the
growing season. It would be interesting to see if that ratio changes during crop development, which
could improve the APSIM simulation of grain crop water. For satellite measurements of VOD and
improvement of scattering coefficient a whole ear measurements is more beneficial than just grain,
as the entire ear is what the satellite will “see”.
Fig. 3.4 has both the collected data of corn and soybean from Mead for all years and simulated
data from Agro–IBIS for 2016. The data going into this simulation of Agro–IBIS are from an
average of twenty field sites in the South Fork Iowa River Network, a network that has been used in
the past to validate SMAP and SMOS pixels. Corn and Soybean were weighted to reflect planting
in the region. Agro–IBIS has a peak in crop water around DOY 200–225 that captures the peak in
collected corn from NE better than APSIM which peaks around DOY 180–200. However, Agro–
IBIS simulation does not harvest the crop around when the crop water from collected data goes
back to zero, while APSIM does. These crop models both heave a peak in crop water between 4.5
and 5 kg m−2, which is good that both models are producing similar numbers for central Iowa.
2.5 Conclusion
We were able to create vegetation gravimetric water content models for both whole plant corn
and soybean and by plant components. Since these were similar it is better to just use the whole
plant model for simplicity. These vegetation gravimetric water content models can be used to
change dry mass to water mass or vice–versa for comparing crop models to satellite data. Our
first hypothesis that the gravimetric water content model will be a function of thermal time seems
plausible and the model was different for corn and soybean.
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We also showed where water is in the crop by calculating the percentage of water in each
component of the plant over stage. This can be helpful with how scattering is viewed by the satellite.
When water is in different parts of the plant it will have varying scattering effects. These water
mass percentages were similar for irrigated and rainfed systems, supporting our second hypothesis.
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CHAPTER 3. SATELLITE L–BAND VEGETATION OPTICAL DEPTH IS
DIRECTLY PROPORTIONAL TO CROP WATER IN THE US CORN BELT
3.1 Introduction
In order to realize this vision to use SMAP and SMOS VOD to monitor crops, we must first
understand what SMAP and SMOS VOD represent. We hypothesize that L–band VOD is directly
proportional to crop water at the satellite scale, the total amount of liquid water in a crop canopy
contained within crop tissue (liquid water mass per ground area). To test this hypothesis, we must
be able to estimate crop water at the satellite scale. This estimate should be directly related to in
situ measurements so that validation can be performed in the future. This is especially challenging
for L–band satellites because of their large footprints. In the case of soil moisture, networks of
in situ sensors that span a satellite footprint have been used to assess SMAP and SMOS (Bitar
et al., 2012; Colliander et al., 2017). Because similar measurements for vegetation do not exist, our
strategy is to use calibrated crop models, driven by observed weather, to produce satellite–scale
estimates of crop productivity. Many crop models, such as the DSSAT (Jones et al., 2003) and
the Agricultural Production Systems sIMulator (APSIM; www.apsim.info), have been developed.
We choose to use the Agricultural Integrated BIosphere Simulator (Agro–IBIS) (Kucharik, 2003)
because of its ability to not only estimate crop productivity, but also account for the two–way
interactions between agricultural ecosystems and the atmosphere and hence its potential to be
used in weather and climate models.
3.2 Measurements
We used measurements from the South Fork Iowa River Network, a SMAP Core Validation Site
within the US Corn Belt (Fig. 3.1). The South Fork Network was established in 2013 by the United
States Department of Agriculture Agricultural Research Service (USDA–ARS). The land cover of
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the South Fork is relatively homogeneous; from 2015–2017 only 17% of the land area was not in
a corn/soybean rotation (https://hrsl.ba.ars.usda.gov/southfork/crop map.html). In 2015 57% of
land area was corn and 26% soybean, in 2016 59% was corn and 24% soybean, and in 2017 56%
was corn and 27% soybean. There are 20 permanent stations in this network that measure soil
moisture. Each station has two precipitation gauges, a MetOne 380 tipping bucket and a Campbell
Scientific TE525 (Coopersmith et al., 2015).
3.2.1 Satellite L–band VOD
SMAP VOD retrievals were extracted from the Level 2 Enhanced Passive Product (L2 SM P E)
version v001. The L2 SM P E product uses the Backus–Gilbert method to interpolate brightness
temperature data to a 9 km grid, from which soil moisture and VOD estimates are derived (Chan
et al., 2018). A SMAP pixel centered over the in situ network was used to obtain VOD for years
2015–2017, bounds of area shown in Fig. 3.2. SMOS VOD retrievals were extracted from the
MIR SMUDP2 product version (v06.50) (Kerr et al., 2012). SMOS L2 data were filtered following
Walker et al. (2018): overpasses were removed if the probability of RFI contamination exceeded 5%
or the χ2 probability (a ”goodness of fit” indicator) was less than 5%. SMAP L2 overpasses were
removed if the QC flags in the data product indicated that the retrieval was not of recommended
quality. SMOS VOD is an average of three pixels from years 2015–2017 that represent the South
Fork area, bounds of area shown in Fig. 3.2. The average SMOS footprint has a spatial resolution of
around 40 km, however they vary from 27 km to 55 km depending on incidence angle and position
in the overpass swath (Kerr et al., 2012). SMAP VOD was adjusted to nadir by taking the original
SMAP DCA VOD value and multiplying by the cosine of 40 degrees for comparison to SMOS VOD.
SMAP and SMOS VOD for the years 2015–2017 are shown in Fig. 3.3. In this figure there
are peaks in VOD during all three years for SMAP and SMOS between day of years 200 and 250.
This peak is due to the growth of crops in the US Corn Belt and their increasing and decreasing
water mass during the growing season (Hornbuckle et al., 2016). Patton and Hornbuckle (2013)
argued that the large values of VOD outside of the growing season are due to changes in soil surface
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roughness. However, Chaparro et al. (2018) state that changes in VOD outside of the crop season
could be due to fractional vegetation cover or changes of scattering albedo. All three of these ideas
should be researched further for their impact on VOD.
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Figure 3.1: South Fork Iowa River Network located within the Corn Belt state of Iowa. Dots are
the soil moisture stations and the rectangle is the 33 km radiometric domain.
3.2.2 Satellite–scale estimates of crop dry mass
To estimate crop dry mass column density at the satellite scale we used Agro–IBIS at 20
points within the South Fork. Because the model was run for singular locations within one satel-
lite pixel, we considered the variations for weather phenomena other than precipitation to be
similar in this spatial domain. Temperature, relative humidity, and wind speed data were aver-
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Figure 3.2: South Fork soil moisture stations (small yellow circles); SMOS Discrete Global Grid
points 200056, 200057, and 200569 (center of blue circles); SMAP EASE pair [264, 928] (center of



















































Figure 3.3: Vegetation optical depth (VOD) vs. day of year for years 2015 (a), 2016 (b), and 2017
(c) for SMAP (∗) and SMOS (), in the South Fork Network in Iowa.
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aged from two NOAA AWOS stations and one NOAA ASOS station (KEBS, KIFA, and KAMW)
downloaded from the Iowa Environmental Mesonet (https://mesonet.agron.iastate.edu, accessed on
8/14/2018)(Fig. 3.2). Hourly values from the three stations were averaged and quality controlled
by excluding non-reported values from averages. Further periods with no data were linearly inter-
polated from reported data before and after. Solar radiation values were taken from an observation
station located in Ames, IA, operated by the Iowa Environmental Mesonet (AEEI4). Because pre-
cipitation is more spatially variable, precipitation gauge data from each South Fork station was
used. This data was averaged between the two gauges at each station with non-reported values
excluded from the averages. Three locations in 2015 and three locations in 2017 were excluded
from the analysis due to erroneous precipitation values due to long periods of no reported pre-
cipitation while other stations nearby reported precipitation or precipitation measurements higher
than record hourly rainfall rates (> 300 mm · hour−1).
We conducted simulations for both corn and soybean at each of the twenty permanent South
Fork locations for 2015, 2016, and 2017. Daily above–ground dry mass column density was used
from Agro–IBIS (Kucharik, 2003).
3.2.3 Agro–IBIS planting date sensitivity
A sensitivity analysis of planting date uncertainty was conducted to analyze the effect that the
planting algorithm may have on the relationship between crop water and VOD. An early and a late
planting date scenario for central Iowa were modeled using reports of actual planting dates from
the NASS crop progress reports (NASS, 2020).
3.2.4 Satellite–scale estimates of crop water
Equations from the vegetation gravimetric water content models (2.4) and (2.5) were used to
convert dry mass from Agro–IBIS to a water mass. To scale up to the South Fork we used the pro-
portion of crops observed by the USDA–ARS (https://hrsl.ba.ars.usda.gov/southfork/crop map.html).
These proportions are listed in the beginning of Section 3.2. We weighted each of the 20 field sites
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using the proportion of corn and soybean in the South Fork to get a pixel–scale estimate of crop
water for the area. We used the variability among the 20 sites to estimate the uncertainty of this
pixel–scale average.
3.3 Results
3.3.1 Agro–IBIS dry mass
Daily thermal time, accumulated thermal time, accumulated precipitation, and Agro–IBIS dry
matter accumulation for 2015–2017 are shown in Fig. 3.4. Because we used the same temperature,
radiation, wind speed and relative humidity at each location, there are only two factors that varied
among the Agro–IBIS model simulations: soil characteristics and precipitation. Average growing
season precipitation within the South Fork was 761±107 mm, 812±133 mm, and 601±104 mm for
2015, 2016, and 2017 respectively, similar to the growing season (Apr. – Sep.) average precipitation
in this area of 676 mm. In Fig. 3.4 panels a–c have daily GDD for the day of year as well as the
accumulated GDD over the growing season. While all of these three years have different daily
GDD the accumulated GDD does end up around the same value. Because soil characteristics in
this domain are relatively similar, much of the variability in biomass accumulation throughout the
year can be attributed to precipitation (Fig. 3.4 panels d–f). This is due to the representation of
water stress on plant growth based on soil moisture status in Agro–IBIS. This stress is applied as
a limitation to the maximum rate of photosynthesis, which ultimately controls the accumulation
of dry matter. The variability in precipitation in 2017 was similar to 2016, however, the relative
change (i.e., mean / range growing season total) in precipitation was greater, which corresponded
to more variability in biomass accumulation in 2017 as shown in Fig. 3.4 panels g–i. The sudden
decrease in dry mass in Fig. 3.4 panels g–i around day of year 300 is due to leaf drop in soybean
before final harvest.
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Figure 3.4: Panels a–c have daily GDD for the day of year as well as the accumulated GDD over
the growing season (◦C–day), panels d–f have variation in accumulated precipitation for the three
years across the different field locations in the South Fork (mm), and panels g–i have Agro–IBIS
outputs of dry matter accumulation (kg/m2) for the years 2015, 2016, 2017. Each colored line
represents a site.
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3.3.2 L–band VOD vs. Agro–IBIS dry mass and crop water
SMAP and SMOS VOD and Agro–IBIS dry mass and crop water over time are shown in Fig. 3.5.
Hornbuckle et al. (2016) found that L–band VOD and crop water peak at similar times in the Corn
Belt. We see this behavior in Fig. 3.5. Dry mass amount doesn’t peak until after the peak in VOD,
around day of year 300 or when harvest usually happens. The thinner dashed lines in Fig. 3.5
represent the 5th and 95th percentile of crop water or dry mass values. For the year 2015 there is
very little difference between these lines, meaning that the 20 field sites in Agro–IBIS do not have
much variation. There was a lower variability in precipitation observed in 2015 which resulted in
lower variability in biomass accumulation. For both 2016 and 2017 there is more variance in the
percentile lines which means that there was more range in values across the field sites in the South
Fork.
The comparison between SMAP and SMOS VOD and crop water is shown in Fig. 3.6. For
both satellites there is a positive linear relationship between VOD and crop water from start of
season to end of season. Values below 0.05 kg m−2 were removed from the data for calculation of
the line of best fit. This corresponds to the amount of water mass in a V5/V6 corn plant, or a
corn plant with 5-6 developed leaves. Changes in soil roughness dominate the VOD signal through
late May or early June (Patton and Hornbuckle, 2013), which is when the V5/V6 stage normally
occurs. Hornbuckle et al. (2016) found that the peak VOD value is around GDD 1000 ◦C · day,
which corresponds to the R3 growth stage for corn, commonly referred to as the milk stage when a
corn kernel is yellow on the outside with a white milk–like interior (Pioneer, 2019). The data below
and above GDD 1000 ◦C · day indicate that the line of best fit can be used for both crop growth
and senescence. For SMAP the slope is 0.052± 0.007 Np ·m2 · kg−1 and y–intercept is 0.12 Np and
for SMOS the slope is 0.065 ± 0.006 Np ·m2 · kg−1 and y–intercept is 0.06 Np. The slope of each
line is the proportionality constant relating crop water to VOD, the “b–parameter” in (1.3).
The relationship between VOD and crop dry mass is not linear, as illustrated in Fig. 3.7. Both
VOD and dry mass are low at the beginning of the growing season where crops are small and do
not have much water mass. At the end of the growing season VOD values are also low but dry mass
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Figure 3.5: Vegetation optical depth, crop water, and dry mass vs. day of year for years 2015–2017.
Panels b, d, and f are dry mass and panels a, c, and e are crop water. The thinner black dashed
lines represent the 5th and 95th percentile for mass values.
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values are high at harvest when crops contain almost no water. Fig. 3.7 also shows the relationship
between VOD and dry mass peaks around 1000 ◦C · day, which is once again the thermal time
Hornbuckle et al. (2016) found the peak in water mass occurs for corn.
3.3.3 Agro–IBIS planting date sensitivity
The relationship between VOD and crop water is not sensitive to the date on which the crop
is planted. See Fig. 3.8 and Table 3.1. The two planting date scenarios of early planting (EP) and
late planting (LP) varied in timing of the peak crop water by 29 days. The differences that this
causes in the calculation of the b–parameter is only 0.01 for SMAP and 0.02 for SMOS. For SMAP
EP the comparison of calculated and observed crop water had an R2 of 0.29 and p–value of 8.19
× 10−19, while the LP case had an R2 of 0.20 and p–value of 6.52 × 10−9. For SMOS EP the
comparison of calculated and observed crop water had an R2 of 0.50 and p–value of 2.2 × 10−25,
while the LP case had an R2 of 0.17 and p–value of 7.6 × 10−8.
Table 3.1: Agro–IBIS planting date, day of peak crop water, and b–parameter for an early planted
(EP) crop and a late planted (LP) crop in 2017.
Planting Date Sensitivity Analysis
Scenario Planting DOY Peak crop water DOY SMAP SMOS
EP 113 191 0.06 0.07
LP 150 220 0.07 0.05
3.4 Discussion
3.4.1 L–band VOD vs. Agro–IBIS dry mass and crop water
Fig. 3.5 panels a, c, and e have VOD and crop water versus day of year. It can be seen how
VOD matches crop seasonality for all three years in this study. The crop water begins to increase,
peaks, and beings to decrease following that of SMAP and SMOS VOD. This shows that there is
a relationship between crop water and VOD. The other panels in Fig. 3.5 have crop dry mass and










































: 0.37, p-value: <10
-7
acrop water <= 0.05 kg m -2
GDD < 1000 °C-day
GDD >= 1000 °C-day
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5









































: 0.53, p-value: <10
-7 b















































: 0.63, p-value: <10
-7
aGDD < 1000 
°C-day
GDD >= 1000 °C-day
0 0.5 1 1.5 2 2.5













































: 0.38, p-value: <10
-7
b
Figure 3.7: In panel a, SMAP and in panel b, SMOS vegetation optical depth vs. dry mass for
years 2015–2017 for GDD < 1000 ◦C · day (4), and GDD ≥ 1000 ◦C · day ().
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Figure 3.8: Vegetation optical depth values and modelled dry mass and crop water values for two
planting date scenarios: early planted crops (EP) and late planted crops (LP).
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SMOS VOD, but does not peak until VOD has decreased, which corresponds with the end of the
growing season when crops have their peak dry mass accumulation at harvest.
Fig. 3.6 has positive intercepts for both SMAP and SMOS. This could be due to other objects
with water mass that are being measured in the SMAP and SMOS pixel. Some examples are trees,
grass, and crop residue (remaining plant matter after harvest). Chaparro et al. (2018) state that
crop residue could impact changes in VOD after crop harvest, due to the residue left on the soil.
However, residue could also be having an impact on the VOD value during the growing season, as
some fields are no–till (the soil is not disturbed) and have a layer of residue on the field during
the entire growing season. So when the crop water mass is small, water mass from other objects
impact the value of VOD.
In Figs. 3.3, 3.5, 3.6, and 3.7 there is considerable variance in VOD. Soil moisture retrievals also
have variance and this is likely due to the retrieval model. The τ–ω model is a simplification of the
real situation, but it is currently the most widely used model. Furthermore, this model has been
calibrated for soil moisture and not VOD, which may have an impact on the VOD variance. We
suggest that in the future a new model be calibrated at the satellite scale for VOD solely. Another
reason for the variance may be that there are changes in VOD from day to day or within a day due
to real diurnal changes in crop water. Dew may contribute to VOD, but Rowlandson et al. (2012)
did not find this to be true at the pixel scale. Also, while our pixel is mostly corn and soybean,
there are still other things in the pixel, such as, trees, grass, and potentially standing water. Soil
moisture may also affect VOD retrieval, just as vegetation affects the soil moisture measurement.
3.4.2 b–parameter
It has been shown in ground–based experiments in homogeneous fields that VOD is directly
proportional to crop water. This relationship is reasonable since liquid water has a large complex
refractive index at microwave frequencies. Because dry plant material has a small and primarily real
refractive index in comparison, it is the liquid water in plants that almost totally accounts for the
absorption and scattering of microwave radiation. The b–parameter will be a function of frequency,
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polarization, and plant type since it is the electrical size of canopy components that will determine
the level of volume scattering. Values of b for different types of vegetation have been found in
ground–based experiments in which microwave radiometers mounted on towers or lifts were used to
measure the terrestrial brightness temperature. Jackson and O’Neill (1990) found that at L–band
b = 0.115 and 0.086 for corn and soybean, respectively, when ω = 0, and b = 0.130 for corn when
ω = 0.03 and b = 0.111 for soybean when ω = 0.05. They did not find a significant polarization
difference, likely because the incidence angles observed were near nadir. These values are close to
the value of b = 0.110 for the croplands land class in the SMAP single–channel algorithms that
use either the vertically or horizontally polarized brightness temperature to retrieve soil moisture.
However, our observed satellite–scale value for both SMAP and SMOS is nearly identical to the
value of b = 0.06 for corn found by Wigneron et al. (2007) when formulating the SMOS retrieval
algorithm for croplands. There are two implications from these conclusions. First, the b–parameter
is needed to retrieve crop water, the variable of interest, from VOD. Second, the single channel
algorithms for SMAP currently use climatology for crop water multiplied by the b–parameter to
calculate VOD. If this b–parameter is inaccurate then soil moisture retrievals will be inaccurate.
Our work suggests that the b–parameter should be validated at the satellite scale for other types
of land cover.
3.4.3 Agro–IBIS planting date sensitivity
The prognostic planting algorithm in Agro–IBIS does not take factors like the suitability of
conditions for field work or human management decisions into account. Because of this, there may
be an uncertainty in the timing of the modeled crop water. While peak crop water did vary, it did
not significantly change the relationship between the crop water and VOD as shown in Table 3.1.
The b–parameter values varied only slightly in this sensitivity analysis, which shows that even
though there is some uncertainty associated with the planting date, it does not affect the outcome
of the relationship between crop water and VOD.
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3.4.4 Uncertainty and limitation of crop modeling
The relationships derived between VOD and crop water rely on the accurate representation of
vegetation growth within Agro–IBIS. This representation of crop growth in this model depends on
physically–based (e.g., enzyme kinetics) and empirically–based (e.g., development stages) principles
along with certain assumptions which make modelling these processes possible. As is common in
most cropping system models, Agro–IBIS does not account for the effects of topography, surface
roughness, weather and biological damage to crops (e.g., hail, lodging events, insect damage), or
individualized field management (e.g., custom fertilizer and tillage, hybrid selection) (Jones et al.,
2017). This could introduce some uncertainty in the model output, but most of this information
is not publicly available. However, it is unlikely that these factors would lead to large errors when
averaged over the South Fork because the variation associated with these localized events would
be homogenized by the large footprint of a satellite.
3.4.5 Contributions to science and society
Research is being done to more accurately model the interaction between crops and the atmo-
sphere (Bagley et al., 2017; Levis et al., 2012; Case et al., 2013; Xue et al., 1996). Transpiration,
or the movement of water through plant material to the atmosphere, is not well understood in
weather models (Williams et al., 2016). While our work is not directly measuring transpiration,
the measurement of water mass in crops could help identify when transpiration needs to be “turned
on” (e.g., as crop water begins to accumulate) or “turned off” (e.g., at a certain level of crop water
after crop water begins to decline). This information could be used instead of climatology or a
constant value for transpiration. Crops are not planted on the exact same date each year and
monitoring crop water could help identify when transpiration is occurring.
The relationship between SMAP and SMOS VOD and crop water may also be useful to the
agricultural community. With a growing population food security will become increasingly more
important. Remote sensing could play a valuable role in providing crop productivity information
(Atzberger, 2013; Guan et al., 2017). However, much of this work has used crop greenness from
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optical and infrared satellites as indicators of crop productivity. L–band VOD can provide a direct
link to the total amount of vegetation biomass. The ability to monitor the accumulation of crop
water could be used to track crop development and potentially indicate if crop growth has been
limited by a shortage of soil water, warm temperatures, disease, or some other biotic or abiotic
stress. A VOD–to–crop dry mass relationship could be used to evaluate the large–scale performance
of crop models since SMAP and SMOS view the mid–latitudes almost daily. Patton and Hornbuckle
(2013) and Chaparro et al. (2018) both found that the relationship between VOD variables and
yield has moderate to high correlation. An L–band satellite radiometer like SMAP and SMOS
could be used to monitor crop water, yield, and soil moisture.
3.5 Conclusion
We compared L–band VOD from SMAP and SMOS to satellite–scale estimates of corn and
soybean crop water (the mass of liquid water in crop tissue per ground area) and dry mass column
density (fresh mass per ground area less crop water) created using the Agro–IBIS crop model at
the South Fork SMAP Core Validation Site. We found that Agro–IBIS simulations are directly
proportional to changes in SMAP and SMOS VOD if we transform the dry mass column density
estimated by Agro–IBIS into crop water. We accomplished this using new empirical models that
relate crop water to crop dry mass column density with in situ data spanning multiple years and
stages of crop development. Our work also represents the first time the value of the b–parameter
has been directly determined at the satellite scale. We find our estimate of the b–parameter is
nearly identical to what was proposed for crops in the SMOS algorithm but half as large as what
is currently used by SMAP. While the primary missions of SMAP and SMOS are to measure soil
moisture, we have shown that these satellites can also be used to observe vegetation in the US Corn
Belt via the quantification of crop water. Consequently, SMAP and SMOS have the potential to
monitor regional changes in crop water on a near daily basis and hence evaluate the large–scale
performance of crop models.
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CHAPTER 4. VALIDATING SATELLITE L–BAND VEGETATION
OPTICAL DEPTH AND B–PARAMETER VALUES IN THE US CORN
BELT
4.1 Introduction
SMAP and SMOS, two microwave satellites, are sensitive to water contained within vegetation.
They were originally designed to measure soil moisture, but with an algorithm that already retrieves
vegetation optical depth (VOD), they can also be used for vegetation measurements. VOD is the
degree to which vegetation attenuates microwave radiation from the soil and is a product that can
be used to quantify vegetation changes. Tian et al. (2018) used 6 years of SMOS VOD to analyze
seasonal dynamics of plant water storage at the ecosystem–scale. They found that the annual
maximum of VOD was highly correlated with tree cover fraction globally, providing evidence that
VOD can be used to track plant water storage. Chaparro et al. (2018) found that SMAP VOD
have valuable information for crop yield estimates, especially for corn, soy and wheat. They also
stated that VOD time series follow crop progress and phenological stages. Patton and Hornbuckle
(2013) found a positive linear relationship between long term changes in SMOS VOD and crop
yields. They also found that changes in VOD not caused by vegetation could be due to soil surface
roughness. This is because when soil surface roughness increases the brightness temperature also
increases creating the illusion that crops are growing when they are not. Soil surface roughness
must be taken into account when validating satellite VOD. Walker (2019) identified transition
dates between when soil surface roughness effects were larger than vegetation effects. She found
that SMAP VOD, specifically in the South Fork, has a distinct roughness–vegetation pattern. A
conceptual diagram from Walker (2019) is shown in Fig. 4.1 visualizing the effects annual crops,
soil surface roughness, and other vegetation have on VOD. The roughness–vegetation pattern can












Figure 4.1: A conceptual diagram from Walker, 2019 to show VOD vs. day of year for annual
crops, soil surface roughness, and other vegetation.
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SMAP and SMOS VOD will be validated in this chapter. This will be done by using crop water
observations, accounting for soil surface roughness in measurements of VOD, and accounting for
heterogeneity in land cover in the SMAP pixel. In Chapter 3 we concluded that our estimate of
the b–parameter is half as large as what is currently used by SMAP (Togliatti et al., 2019). We
are going to further examine the b–parameter and how it is affected by the landscape, using crop
water from Agro–IBIS to see if the b–parameter should change over time. Our first hypothesis is
that calculated VOD from daily 30 meter field scale crop water maps will match SMAP and SMOS
VOD. Second is that the b–parameter will change over time. The b–parameter should be dynamic
because it will be impacted by vegetation that is changing over time. Crops will increase the mass
of crop water as they progress through their growth stages and reach a peak water mass. They will
then begin to decrease the mass of crop water as they dry down. The b–parameter may also change
over time due to the different structure of crops as they put on more leaves and then eventually an
ear, causing scattering to change.
4.2 Methods
Measurements were collected from the South Fork Iowa River Network, a SMAP Core Validation
Site within the US Corn Belt, discussed in Section 3.2 (Fig. 3.1). Weather data used in Agro–IBIS
is shown in Fig. 4.2 for years 2015–2018 in the South Fork network. Precipitation was averaged
from all 20 stations in the South Fork, as each has two precipitation gauges, a MetOne 380 tipping
bucket and a Campbell Scientific TE525 (Coopersmith et al., 2015). Radiation and temperature
data were downloaded using the same procedure in Section 3.2.2. Thermal time is also shown in
this figure.
4.2.1 Satellite data used
We extracted SMAP VOD from the Level 2 Enhanced Passive Product (L2 SM P E) version
v002 (SMAPv2) (Chan et al., 2018). A SMAP pixel centered over the in situ network was used to
obtain VOD for years 2015–2018, bounds of area shown in Fig. 3.2. SMOS VOD retrievals were
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Figure 4.2: Weather data for the South Fork: cumulative precipitation (a), temperature (b), cu-
mulative radiation (c), and thermal time (d), during years 2015–2018.
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extracted from the MIR SMUDP2 product version (v06.50) (Kerr et al., 2012). SMOS L2 data
were filtered following Walker et al. (2018). SMOS VOD is an average of three pixels from years
2015–2018 that represent the South Fork area, bounds of area shown in Fig. 3.2. The average
SMOS footprint has a spatial resolution of around 40 km, however they vary from 27 km to 55 km
depending on incidence angle and position in the overpass swath (Kerr et al., 2012). SMAP VOD
was adjusted to nadir by taking the original SMAP DCA VOD value and multiplying by the cosine
of 40 degrees for comparison to SMOS VOD. A reprocessed SMAP product is also used that was
generated at Iowa State University (Walker et al., 2019). This product takes the original SMAPv2
Level 1 data and uses a different effective surface temperature (Teff) to calculate VOD. SMAPv2
uses the assumption that Tsoil ≈ Tveg so that Teff can be used as the approximate temperature for
the entire surface. Walker et al. (2019) found that this is not the case and that SMAPv2 Teff values
are too warm. What will be referred to as SMAPrepr in this chapter is a reprocessed SMAPv2 that
makes the changes suggested in Walker et al. (2019).
4.2.2 Smoothed VOD
Raw VOD from SMAPv2, SMAPrepr, and SMOS were smoothed using an asymmetric Gaussian
fit (Lewis-Beck et al., 2020). This smooth data gives the ability to compare VOD from the satellites
to ground truth measurements without all of the noise that comes with raw VOD satellite data, as
discussed in Section 3.4. In Fig. 4.3 raw and smooth data are shown for year 2016 and the three
satellite products. The beginning and ending values of this smoothed data are the same because of
the Gaussian fit, which in the case of 2016 is similar to the raw data, but not in general. This is
due to multiple things that could be different between the beginning and end of a growing season:
soil surface roughness, tillage before and/or after crops, residue left on the field or tilled in.
4.2.3 Scaling up crop water
In Section 1.7 the SMAP Validation Experiment 2016 (SMAPVEX16) was introduced (Cosh






















































Figure 4.3: Vegetation optical depth (VOD) vs. day of year for SMAP v2 (a), reprocessed SMAP
(b), and SMOS (c) for year 2016 in the South Fork Network in Iowa. The solid black line is
smoothed VOD and ∗ is raw VOD from the satellites.
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the South Fork shown in Figs. 4.4 and 4.5. Three methods for scaling up to the South Fork pixel
using in situ measurements were explored: the first was a corn/soybean (spatial) weighting method,
second a Voronoi polygon weighting method, and third was an NDWI estimation method.
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Figure 4.4: Locations where data was collected in the South Fork, shown to scale for reference.
1. Spatial method
The corn/soybean method of weighting is identical to what was used in Chapter 3, where
we weighted each of the 20 field sites using the proportion of corn and soybean in the South
Fork to get a pixel–scale estimate of crop water for the area. In 2016, 59% was corn and
24% soybean. We used the variability among the 20 sites to estimate the uncertainty of this
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Figure 4.5: Locations where data was collected in the South Fork for corn (*) and soybean ().
70
be used in this study. This is the first data set that has been collected with the thought in
mind to compare in situ to satellite VOD, so this is the best ground truth that is currently
available.
An advantage of using this method is that the percentages of corn and soybean represent
what is actually planted in Iowa and can be changed each year for the slight variation in
corn/soybean amounts. A disadvantage is that you need to know the percentage of crop
planted in the area, which may not always be available in other locations that want to use
this method.
2. Voronoi polygon method
The Voronoi polygon method weights each field that data were sampled from on a specific
day and gives a percentage that that fields data represents in the entire South Fork pixel.
Fig. 4.6 is an example from date 08/04/2016. Just like the corn/soybean method, there are
not many data points being used in this study because this is the first data set for this type
of comparison.
An advantage of the Voronoi method is that you do not need to know the percentage of crops
growing in the area. A disadvantage is that the polygons that the Voronoi method chooses
might not accurately represent the crops in the area, especially if there are not many samples.
3. NDWI estimation method
In situ data from SMAPVEX16 was used to create daily field scale crop water maps for the
South Fork. Cosh et al. (2019) describe the method used to create these crop water maps
in more detail. Landsat 8 images were used to calculate NDWI on overpass days, these
values were compared to in situ measurements of crop water made in the South Fork. Linear
regression equations were then computed for both corn and soybean relating crop water to
NDWI. Linear interpolation between 5 cloud free NDWI images was done to give a daily
estimate of NDWI that can be used in the regression equations to calculate a daily crop
water for each field in the South Fork (Cosh et al., 2019). These daily values of crop water
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were from DOY 156–252 (early June–early September) during the 2016 growing season. We
took daily crop water and averaged them together over the SMAP/SMOS domain to scale up
for comparison to VOD from satellites.
4.2.4 Soil surface roughness
Soil surface roughness is a variable that affects VOD values from satellites during early times
in the growing season when there is no crop growth (Patton and Hornbuckle, 2013; Walker, 2019).
To account for this in our originally calculated VOD variable we shifted VOD values by adding
the initial value of crop water from smoothed data to make VODssr, a VOD that account for soil
surface roughness (ssr), show in (4.1). This is because we think before crops are developing the
values of crop water the satellites measure are due to soil surface roughness and that value will
remain similar throughout the time the crops are on the ground, Fig. 4.1. Initial crop water for
each satellite was: SMAPv2 = 0.2127, SMAPrepr = 0.1837, and SMOS = 0.1310 for 2016.
VODssr = VOD + crop waterinitial (4.1)
4.2.5 b–parameter
In the previous chapter we found our estimate of the b–parameter (b = 0.052) is similar to what
was proposed for crops in the SMOS algorithm (b = 0.065) but half as large as what is currently
used by SMAP (b = 0.110) (Togliatti et al., 2019). For all of the results in this chapter VOD from
SMAPVEX16 was calculated using (1.3) for both b–parameters for comparison (example of b =
0.110 in (4.2)). The naming convention will be “VOD110” for the current b–parameter used by
SMAP and “VOD052” for the proposed b–parameter.
VOD110 = 0.110× crop water (4.2)
In the following sub–sections we discuss methods for different modifications we made to the
b–parameter.
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Figure 4.6: Weighted Voronoi diagram for sampling date 08/04/16 in the South Fork Network.
Red box is the South Fork Network domain and the numbers in each box is the percentage of the
total pixel that fields data is representing.
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4.2.5.1 Land class fractions
Both SMAP and SMOS have different b–parameter values for varying land classifications. While
cropland is the largest percentage in the South Fork pixel, there is still about ≈ 17% of other land
types. We calculated a new b–parameter value that takes into account all land class fractions in
the South Fork (4.3).
VOD110,c = fcropbcrop + furbanburban + fgrassbgrass + fforestbforest + fotherbother (4.3)
From Cosh et al. (2019) the approximate fraction of land in each land class was obtained: 0.82
crop, 0.08 urban, 0.06 grass, 0.02 forest, and ≈ 0.02 water/other. The b–parameters were taken
from O’Neill et al. (2018) Table 3 where b–parameter values are: crop = 0.110, urban = 0.100,
grass = 0.130, forest = 0.110, and other = 0. We also used a b–parameter of 0.052 for cropland
to compare to 0.110 since 0.052 is the value found in Chapter 3 to represent the South Fork pixel,
which is majority cropland.
4.2.5.2 b–parameter changing over time
Lastly, we wanted to see if the b–parameter is a value that changes over time, as it is currently
held static. This was done by taking VOD from SMAPv2, SMAPrepr, and SMOS and dividing by






4.3.1 Scaling up crop water
In Figs. 4.7 and 4.8 the corn/soybean and Voronoi weighting method are shown respectively over
time compared to the VOD value from satellites. The solid black line is VOD from the satellites
and dashed black lines represent the 95% confidence in smoothed data, meaning the probability
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the SMAP and SMOS signal falls within that range is 0.95, where panel a is SMAPv2, panel b is
SMAPrepr, and panel c is SMOS. Calculated VOD values for both b–parameters are shown with
error bars. To compare the two weighting methods VOD052 and VOD110 vs DOY are shown in
Fig. 4.9, the black diamonds are corn/soybean weighting method and the pink squares are the
Voronoi method for both b–parameter values.
Figs. 4.7 and 4.8 have the average value of VOD110 greater than the satellite VOD and VOD052
less than. Neither weighting method or b–parameter matched up perfectly with the satellite VOD.
However, the VOD052 value is more promising because it is less than the satellites VOD value.
That means if there is any crop water source in the South Fork pixel from other objects these
values can be accounted for and added to raise the value of VOD052 to the satellite VOD. With
how similar the two weighting methods are we decided to use the corn/soybean method for the
following results. This is because a corn/soybean weighting method is more relevant to what is
actually going on in the South Fork pixel as opposed to a weighting method that relies on using
one field data for a larger portion than that field occupies. For example if more soybean fields were
sampled on a certain day than corn, the Voronoi method would have a much larger portion of the
South Fork pixel weighted in soybean compared to normal, which is not accurate to how the South
Fork pixel is typically planted.
Fig. 4.10 has VOD from SMAPv2, SMAPrepr, and SMOS compared to computed VOD from
SMAPVEX16 daily crop water and both b–parameters over DOY. VOD110 is greater than satellite
VOD and VOD052 is less than. Both computed VOD values follow the shape of satellite VOD over
the growing season. VOD110 is nearest to SMAPv2 and VOD052 to SMOS. Linear regression models
were fit to compare computed VOD to satellite VOD, shown in Table 4.1. VOD110 and VOD052
had the same R2 and p–values when compared to satellite VOD. The difference between VOD110
and VOD052 was slope of the linear fit. Computed VOD had the highest R
2 value with SMAPv2.
In Fig. 4.10 you can see that the peak in VOD110 lines up the best with SMAPv2, which could be
the reason why R2 is higher. The reason for straight lines on computed VOD110 and VOD052 in































































Figure 4.7: vegetation optical depth (VOD) vs. day of year for SMAP v2 (a), reprocessed SMAP
(b), and SMOS (c) for SMAPVEX16 sampled data weighted by corn/soybean with a b–parameter
of 0.052 () and b–parameter of 0.110 (∗). The solid black line is the smoothed VOD data and the































































Figure 4.8: VOD) vs. day of year for SMAP v2 (a), reprocessed SMAP (b), and SMOS (c) for
SMAPVEX16 sampled data weighted using Voronoi diagram with a b–parameter of 0.052 ()
and b–parameter of 0.110 (∗). The solid black line is the smoothed VOD data represent the 95%
confidence.
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Figure 4.9: Vegetation optical depth (VOD) vs. day of year for Voronoi diagram weighted South
Fork pixel and corn/soybean weighted pixel for two different b–parameters (0.110 and 0.052).
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model changes slope is an NDWI image that was used. There were a limited number of data points
being used to create this model. (Cosh et al., 2019).
Table 4.1: Linear fit between computed and satellite VOD with R2 and p–values.
Fit between computed and satellite VOD
Computed VOD Satellite VOD R2 p–value slope
VOD110 SMAPv2 0.82 < 10
−7 0.463
VOD052 SMAPv2 0.82 < 10
−7 0.979
VOD110 SMAPrepr 0.72 < 10
−7 0.414
VOD052 SMAPrepr 0.72 < 10
−7 0.876
VOD110 SMOS 0.70 < 10
−7 0.540
VOD052 SMOS 0.70 < 10
−7 1.143
4.3.2 Soil surface roughness
Since VOD052 is less than the satellites VOD values for both computed VOD from NDWI and in
situ data from SMAPVEX16 we wanted to add a value for soil surface roughness over the growing
season, shown in Fig. 4.11. The solid black line is VOD from the satellites and dashed black lines
represent the 95% confidence interval, where panel a is SMAPv2, panel b is SMAPrepr, and panel c
is SMOS. VOD110 and VOD052 are shown in blue and pink respectively over DOY and are shifted
upward with the addition of initial crop water accounting for soil surface roughness from smoothed
crop water data. Initial values for each satellite were: SMAPv2 = 0.2127, SMAPrepr = 0.1837, and
SMOS = 0.1310. Adding an initial value for soil surface roughness shifted VOD052 closer to the
values from SMAPv2 and SMOS, but above SMAPrepr. VOD110 was shifted even higher than it
was before away from the three satellite VOD values. While the value that we have chosen for soil
surface roughness may not be exact, shifting the values to account for before season soil effects
could be beneficial.
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Figure 4.10: Vegetation optical depth (VOD) vs. day of year for SMAP v2, reprocessed SMAP,


































































Figure 4.11: An initial value of VOD was added over the growing season to represent soil surface
roughness. Vegetation optical depth (VOD) vs. DOY for shifted VOD values during 2016 for
SMAP v2 (a), reprocessed SMAP (b), and SMOS (c) for two different b-parameters 0.110 (blue
line) and 0.052 (pink line).
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4.3.3 b–parameter
4.3.3.1 Land class fractions
Fig. 4.12 has VOD for SMAPv2, SMAPrepr, SMOS, and two crop b–parameters over day of
year. These b–parameters are a combination of different land class fractions in the South Fork, as
opposed to just crops. The new values of b when calculating VOD for VOD110,c and VOD052,c are
b = 0.108 and 0.061 respectively. The new calculated land class b–parameter values are not much
different from the original b–parameter values because cropland is the largest land class fraction
in the South Fork. VOD110,c’s new value is nearly identical to what SMAPv2 is currently using.
VOD052,c’s new b–parameter is what Wigneron et al. (2007) found when formulating the SMOS corn
cropland retrieval algorithm. Changing the b–parameter to 0.061 did seem to improve VOD052,c
early in the season, bringing it closer to SMAPrepr and SMOS, but had not as much effect later in
the season. In the South Fork where cropland dominates it does not seem necessary to break down
the b–parameter into land class fractions. However, in pixels that do have larger spreads of land
types it could be beneficial to take all land fractions into account when calculating a b–parameter
to improve VOD.
4.3.3.2 b–parameter changing over time
In Fig. 4.13 the b–parameter is shown changing over time for 2016, this year was chosen initially
because of SMAPVEX16, where panel a is SMAPv2, panel b is SMAPrepr, and panel c is SMOS.
The solid red line is the b–parameter calculated from smoothed crop water data and the black
points are raw data. Dashed red lines are the 95th percentile of b–parameter values calculated with
Agro–IBIS crop water. There are two horizontal black lines that show the current b–parameter
used by SMAP and suggested b–parameter in Togliatti et al. (2019). Day of year 160 and 305 were
chosen as the start and end date for the figure because corn was almost fully emerged by DOY 160
and crops were almost fully harvested by DOY 305. This figure is showing that the b–parameter
value is changing over the growing season. The b–parameter over time is closest to Togliatti et al.
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Figure 4.12: Vegetation optical depth (VOD) vs. DOY for SMAP v2, reprocessed SMAP, and
SMOS compared to SMAPVEX16 data for two different crop b–parameters 0.110 (a) and 0.052
(b). These new b–parameters are sums of the different land class fractions in the South Fork
multiplied by the b–parameter values for that land class.
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(2019) during the early and late part of the growing season for SMAPrepr and SMOS. However, the
b–parameter is higher during the mid part of growing season and closer to SMAP’s current value.
Figs. 4.14 and 4.15 shows the b–parameter changing over thermal time and day of year, respec-
tively for years 2015–2018, where panel a is SMAPv2, panel b is SMAPrepr, and panel c is SMOS. In
panel a, 2017 is raw data points instead of a solid line from smoothed data because the asymmetric
Gaussian fit did not work for that data set. Vertical black lines in Fig. 4.14 represent different crop
stages for corn during the growing season. Vegetative growth stage V9/V10, or when 9 to 10 fully
developed leaves are on the corn plant, are the last stages before an ear shoot (potential ears) begins
to develop on the corn plant (Pioneer, 2019). This corresponds in Fig. 4.14 to smaller b–parameters
in years 2015–2017 during the beginning of the growing season. In Chapter 3 we discussed how
Hornbuckle et al. (2016) found that the peak VOD value is around GDD 1000 ◦C · day, which
corresponds to the R3 growth stage for corn. In Fig. 4.14 this lines up with the larger b–parameters
for years 2015–2016. Finally, R6 is physiological maturity when corn kernels have their maximum
dry weight (Pioneer, 2019) and in Fig. 4.14 this has smaller b–parameters after the growing season
for years 2015–2016 and the larger b–parameters during the growing season for 2017–2018.
Tables. 4.2 and 4.3 have planting and harvest DOY for Agro–IBIS and weekly crop progress in
the central reporting district of Iowa, respectively. In 2015 both corn and soybean were planted by
Agro–IBIS at similar times to when the central district in Iowa had 50% of each respective crop
planted. Harvest for soybean happened around the same time in Agro–IBIS and Iowa and for corn
Agro–IBIS harvested later. In 2016 Agro–IBIS had similar corn planting date and soybean harvest
date to the Central district. Soybean planting in Agro–IBIS was about a week early than in Iowa
and corn harvest was once again later in Agro–IBIS. For 2017 both corn and soybean harvest were
similar in Agro–IBIS and in Iowa. Soybean planting date was also similar between the two, but
corn was planted much earlier in Agro–IBIS than was seen in the Central district. Lastly, 2018 had
corn planting and soybean harvest similar between Agro–IBIS and Iowa, however corn harvesting





















































Figure 4.13: Calculated b–parameter vs. DOY for SMAP v2 (a), reprocessed SMAP (b), and SMOS
(c) for 2016. The smooth b–parameter is the solid red line and the raw data are *. The thinner red
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Figure 4.14: Calculated b–parameter vs. thermal time for SMAP v2 (a), reprocessed SMAP (b),















































Figure 4.15: Calculated b–parameter vs. DOY for SMAP v2 (a), reprocessed SMAP (b), and SMOS
(c) for years 2015–2018.
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Table 4.2: Planting and harvest DOY for Agro–IBIS by year.
Agro–IBIS plant and harvest DOY
Year Corn plant Soy plant Corn harvest Soy harvest
2015 125 125 321 295
2016 114 122 310 292
2017 107 129 303 299
2018 125 126 314 303
Fig. 4.16 has the b–parameter for years 2015–2018 for the three different satellites with error
bars depicting the 5th and 95th percentiles. 2017 is missing SMAPv2 due to the asymmetrical
Gaussian fit not working. In 2015–2017 the b–parameter value for SMAPrepr and SMOS are similar
and SMAPv2 is higher for most of the growing season. The b–parameter values in 2018 were spread
out for all satellites.
Currently the b–parameter value for SMAP is held constant over time. However, in Figs. 4.13–
4.16 the b–parameter is shown changing over time, especially when crops are developing. In
Figs. 4.14– 4.16, years 2015 and 2016 follow a similar pattern throughout the entire season for
all satellites. Both of these years were considered average compared to historical data according to
NASS crop progress reports (NASS, 2020). In Fig.4.14 2017 follows these same trends at planting
through the beginning growing season until R3 when that years b–parameter remains higher than
2015 and 2016. In 2017 harvest was behind average. 2018 had initial planting delays due to winter
weather, but quickly caught up and crop progress was ahead of average for a majority of the season
until falling behind at harvest (NASS, 2020). In Fig. 4.14 2018’s b–parameter value for all satellites
is shifted from the other three years, however around thermal time 600 ◦C · day the values become
closer together until end of season when it is higher like 2017. A reason for this shift in Fig. 4.14,
but not in Fig. 4.15 could be due to the quick increase in 2018 thermal time. Planting DOY in
2018 was similar to 2017, however in 2018 crop progress managed to get ahead of average due to
warmer weather after the initial cold weather at planting. A reason that 2017 and 2018 have higher
b–parameter values at the end of the growing season is due to the amount of water in the crops
at that time. In Fig. 4.17, years 2017 and 2018 are shown to have the least amount of crop water
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Table 4.3: Weekly percentage of corn and soybean planted and harvested in the central district of
Iowa, wanted at least 50%.
Weekly percentage corn and soybean planted in central district.
Date DOY Corn Soy
04/26/15 116 26 0
05/3/15 123 80 17
05/10/15 130 90 44
05/17/15 137 97 64
04/17/16 108 17 0
04/24/16 115 55 0
05/08/16 129 93 46
05/15/16 136 97 66
04/30/17 120 49 0
05/07/17 127 65 15
05/14/17 134 93 55
04/29/18 119 22 0
05/06/18 126 53 13
05/13/18 133 79 40
05/20/18 140 96 74
Weekly percentage corn and soybean harvested in central district.
Date DOY Corn Soy
10/04/15 277 18 41
10/11/15 284 30 67
10/18/15 291 51 84
10/02/16 276 13 24
10/09/16 283 23 53
10/16/16 290 40 73
10/23/16 297 60 82
10/15/17 288 16 42
10/22/17 295 25 61
10/29/17 302 47 86
11/05/17 309 74 94
10/21/18 294 32 44



























































































Figure 4.16: b–parameter value over thermal time for SMAP v2, reprocessed SMAP, and SMOS
during years 2015 (a), 2016 (b), 2017 (c) and 2018 (d). The thinner dashed lines represent the 5th
and 95th percentiles.
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at the end of the growing season. This means that when the b–parameter is calculated crop water
and VOD are closer together during 2017 and 2018 causing the higher b–parameter. 2017 was a
drier year for precipitation, which could mean less water getting into the crop and an overall lower
crop water at the end of the season. 2017 and 2018 also had the lowest yields at 151 and 171 bu/ac
respectively, meaning the water amount in the crops were lower overall. 2015 and 2016 had yields
of 227 and 196 bu/ac respectively.





























Figure 4.17: Crop water for years 2015–2018 over DOY.
4.4 Conclusion
Multiple data sources were compared to SMAP and SMOS VOD for different b–parameter
values. It was found that neither the current (b=0.110) or proposed (b=0.052) b–parameter values
matched up exactly with the satellites for different methods of calculating VOD from in situ data.
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Computed VOD had the highest R2 value of 0.82 with SMAPv2. The curve of computed VOD
matched the best with SMAPv2, which explains the higher R
2 value. However, even with a decent
R2 the values of VOD for b=0.110 are higher than satellite VOD and lower for b=0.052. This could
be due to other sources of water or soil surface roughness that is in the SMAP or SMOS pixel.
We used static values of soil surface roughness, SMAPv2 = 0.2127, SMAPrepr = 0.1837, from the
beginning of the growing season before crops were growing to add to VOD. This shifted the values
upward overall, bringing the VOD curves of calculated and satellite VOD closer together when
b=0.052 and calculated VOD further above satellite VOD when b=0.110. This is also the first time
that the b–parameter value has been shown to change over time and crop development has an affect
on it. Perhaps having a changing b–parameter will improve VOD overall.
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CHAPTER 5. CONCLUSION
SMAP and SMOS, two satellites originally designed to monitor soil moisture, can also be used
to monitor vegetation. With both SMAP and SMOS the actual water mass of the crops is being
measured. This is because water has a high dielectric constant, much larger than the dielectric
constant of air. The dry mass of crops is basically invisible to the satellites as it has a similar
dielectric constant to air. This can improve agriculture with large scale monitoring of crops and
improve crop models, as well as, improve the land–atmosphere relationship in weather and climate
models, leading to more accurate weather predictions.
We created a gravimetric water content model that relates water mass to dry mass for corn and
soybean. Crop models estimate dry mass, while SMAP and SMOS estimate crop water. In order
to relate crop model output to VOD we needed to understand how crop water and dry mass were
related. This benefits both the satellite and crop modeling communities because measurements
from either SMAP/SMOS or crop models can be related. Our gravimetric water content model
could be expanded for other crops, as right now it only works for corn and soybean. This model
could also be validated for different corn hybrids to better understand if the peak in the model
would shift. Currently, the peak in corn model is around thermal time 400–500 ◦C ·day. This peak
corresponds with vegetative growth stage V9/V10, or when 9 to 10 fully developed leaves are on the
corn plant. I think that there may be some variance in the peak of the corn model with different
hybrids, but it will not be enough to need multiple models for each corn hybrid. There is already
some noise in the model based on different years and I do not think the shift from corn hybrid
will be large enough to look like anything different than noise. Crop water changing over time
was compared for each part of the corn and soybean crop between in situ and APSIM simulated
measurements. All parts of the soybean crop and steam and leaf from the corn crop followed the
same trend between in situ and simulated data. However, corn grain was shown to be much lower
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for simulated crop water compared to in situ measurements. We thought this was due to APSIM
simulating only grain amount for the corn plant and the water mass from the cob is put into stem,
while the measured value from the field is the entire ear (grain and cob). Using raw data from
Archontoulis et al. (2020) the cob to grain ratio is around 10% at final harvest, but this did not
increase the APSIM grain crop water enough to match in situ.
We found that Agro–IBIS simulations are directly proportional to changes in SMAP and SMOS
VOD if we transform the dry mass column density estimated by Agro–IBIS into crop water using
our vegetation gravimetric water content models. This is the first time that the value of the b–
parameter has been directly calculated, finding a value of 0.052, or half the amount currently used
by SMAP. This shows that the value for cropland may not be accurate in the US Corn Belt, a crop
heavy region of the US. This could be due to multiple crops in one pixel and the fact that all crops
grow and have different structures.
We also used in situ data from SMAPVEX16 to validate SMAP and SMOS measurements of
VOD. It was found that neither the current (b=0.110) or proposed (b=0.052) b–parameter values
matched up exactly with the satellites for different methods of calculating VOD from in situ data.
Computed VOD had the highest R2 value of 0.82 when linearly fit with SMAPv2 VOD. The b–
parameter was also shown for the first time to change over time and that other sources of water in
the SMAP and SMOS pixel may need to be taken into account when calculating a b–parameter.
The b–parameter changing over time should be explored more as crop development was shown to
affect it. I feel that more years of data will be needed to compare how the b–parameter reacts to the
changing crop canopy. 2019 is the only completed year with data from SMAP that is not highlighted
here, due to SMAP not reporting data during the middle of the growing season. However, 2019
was an interesting year for crops as corn and soybean were planted late and many locations ended
up not planting at all. More years are needed because the four years that we looked at have a split
between 2015/2016 acting similarly and 2017/2018 being similar. If a pattern can be found for how
the b–parameter should change over time this could increase the accuracy of VOD measurements
from SMAP and SMOS.
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Some next steps in this research area could be validating the b–parameters in other crop heavy
regions, such as other states in the US Corn Belt or perhaps South America where they also
grow corn and soybean. This could be accomplished by using crop models run with weather data
from the different regions and comparing crop water output to measurements of VOD from SMAP
and SMOS. Something that would be harder to do would be collect more field data similar to
the SMAPVEX16 campaign, but with an emphasis on validating VOD measurements and no soil
moisture. My thoughts for a field experiment are to have two teams of 2–3 people that will take
samples of crop water every other week. The South Fork can be split into 4 different quadrants and
2 fields will be chosen in each quadrant. I think that keeping the fields consistent will give the best
data set in the end. Each team will be assigned 2 quadrants (4 fields). On weather permitting days
the teams will go out and measure 20 plants for water mass, using the procedure that was used in
this dissertation to measure crop water, I recommend this is done by part of plant. Depending on
how far away the fields are a team might be able to measure only 2 fields on a day, the can collect
the other 2 fields later in the week. As long as the two teams stay consistent on how many fields
they measure and on what days it should still make for a comprehensive data set with at least 4
fields measure in the South Fork a day. This may still sound like a limited amount of data, but I
think it is a plan that could be accomplished through all stages of crops and with smaller teams of
people. An issue with this plan is how many fields are available to sample large amounts of plants
from in the South Fork.
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